Agricultural residues are important sources of feedstock for a cellulosic biofuels industry that is being developed to reduce greenhouse gas emissions and improve energy independence. While the US Midwest has been recognized as key to providing maize stover for meeting near-term cellulosic biofuel production goals, there is uncertainty that such feedstocks can produce biofuels that meet federal cellulosic standards. Here, we conducted extensive site-level calibration of the Environmental Policy Integrated Climate (EPIC) terrestrial ecosystems model and applied the model at high spatial resolution across the US Midwest to improve estimates of the maximum production potential and greenhouse gas emissions expected from continuous maize residue-derived biofuels. A comparison of methodologies for calculating the soil carbon impacts of residue harvesting demonstrates the large impact of study duration, depth of soil considered, and inclusion of litter carbon in soil carbon change calculations on the estimated greenhouse gas intensity of maize stover-derived biofuels. Using the most representative methodology for assessing long-term residue harvesting impacts, we estimate that only 5.3 billion liters per year (bly) of ethanol, or 8.7% of the near-term US cellulosic biofuel demand, could be met under common no-till farming practices. However, appreciably more feedstock becomes available at modestly higher emissions levels, with potential for 89.0 bly of ethanol production meeting US advanced biofuel standards. Adjustments to management practices, such as adding cover crops to no-till management, will be required to produce sufficient quantities of residue meeting the greenhouse gas emission reduction standard for cellulosic biofuels. Considering the rapid increase in residue availability with modest relaxations in GHG reduction level, it is expected that management practices with modest benefits to soil carbon would allow considerable expansion of potential cellulosic biofuel production.
Introduction
The 2007 US Energy Independence and Security Act (EISA), passed amid growing concern regarding increasing greenhouse gas (GHG) levels in the atmosphere and national dependence on imported fuels, mandated the production of 79.5 billion liters per year (bly) of advanced biofuel including 60.6 bly of cellulosic biofuel by 2022. An advanced biofuel is a biofuel derived from a nonmaize starch renewable source, while a cellulosic biofuel is a biofuel derived from renewable cellulose, hemicellulose, or lignin sources. Additionally, life cycle GHG emissions reductions of at least 50% and 60% relative to 2005 petroleum are required in order to qualify as advanced and cellulosic biofuels, respectively. The use of agricultural residues for cellulosic ethanol production has been identified as the most feasible near-term option to supply cellulosic feedstock to an emergent biofuels industry (Langholtz et al., 2016) as other feedstock options require further time for development before large-scale availability.
Further, agricultural residue collection occurs on cultivated lands, avoiding both conversion of new lands to agriculture and displacement of existing feed and fiber producing lands (Solomon, 2010) .
Despite the advantages of utilizing agricultural residues as a cellulosic feedstock, there remain concerns regarding the sustainability of residue removal from agricultural systems. Crop residues in cropping systems serve important functions related to nutrient cycling, soil erosion, soil structure, and soil water retention and provide habitat for ground-dwelling organisms. Excessive residue removal can accelerate soil erosion (Lal, 1976) , deplete soil organic carbon (SOC) pools (Karlen et al., 1994; Lal & Pimentel, 2007) , and reduce the production potential of soils (Lal, 2006) . Conversely, many other studies have demonstrated a capacity for sustainable crop residue harvesting, especially under no-till (NT) management where decomposition is slowed and near-surface SOC usually accumulates (Gollany et al., 2011; Machado, 2011; Robertson et al., 2011; Adler et al., 2015) .
It is evident that the relationship between soils and crop residues is strongly influenced by site-specific conditions as well as previous and current land management. As such, suitable rates of residue removal must be determined with due consideration for local topography, soil, land management, and climate. Thus, estimating the impacts of widespread residue removal requires detailed cropping systems models that can incorporate spatially explicit management scenarios to simulate locally relevant, scalable outcomes. For example, Muth et al. (2013) modeled US maize (Zea mays L.) production at 10-100 m resolution to estimate that 151 Tg yr À1 of crop residues could be sustainably harvested in the United States based on simulated impacts on soil erosion, SOC, soil water, and soil temperature. Tan et al. (2012) estimated a more modest sustainable residue harvest of 31 Tg yr À1 for the United States to avoid reducing current SOC levels. The 2016 Billion Ton Study (Langholtz et al., 2016) estimates that 27-106 Tg yr À1 of residue is available at a residue price of $44-88 per Mg. Each of these studies identified the US Corn Belt as the dominant source of sustainably available residue, providing 60-85% of that available nationally (Tan et al., 2012; Muth et al., 2013; Langholtz et al., 2016) . In contrast, Liska et al. (2014) estimated that harvesting 6 Mg residue ha À1 yr À1 from across the US Corn
Belt over a 5-to 10-year period would result in an average C loss of 0.47-0.66 Mg C ha À1 yr À1 and life cycle emissions of 74-95 g CO 2 -eq MJ À1 , similar to emissions from petroleum (94 g CO 2 -eq MJ À1 ). Such findings would eliminate maize residue as a viable feedstock source for meeting EISA cellulosic biofuel production standards. However, others (Robertson et al., 2014; Sheehan et al., 2014) noted that the model used was driven only by temperature, yield, and initial SOC, excluding important factors such as topography, soil texture, soil moisture, fertilization rates, and tillage, which are also known to affect SOC stocks. Additionally, the analysis focused on short-term responses, considered SOC changes only in the upper 30 cm of soil, and included litter C, which is derived from all unharvested crop biomass, along with soil humus C in SOC change calculations. More biophysically based analyses have been conducted to assess the GHG impacts of residue-derived biofuels. The DayCent model, for example, is a physically based model that Campbell et al. (2014) demonstrated to simulate crop productivity, SOC responses and nitrous oxide fluxes reasonably well through an evaluation at five sites in the US Midwest. The DayCent model has been applied at county scale to assess the GHG intensities of corn stover-derived ethanol from three representative counties in the United States (Dwivedi et al., 2015) as well as the entire United States (Hudiburg et al., 2016) , each considering SOC changes in the upper 30 cm of soil. Alternatively, LeDuc et al. (2017) applied the Environmental Policy Integrated Climate (EPIC) model at 30 m resolution and considering SOC changes in the whole soil profile to assess the productivity and SOC impacts of producing corn stover feedstocks on Conservation Reserve Program lands in Iowa.
While many different approaches have been used to assess the GHG intensity of corn stover-derived biofuels, here we intend to improve upon these estimates for the US Midwest in terms of a combination of modeling approach, modeling resolution, soil depth considered, and modeling region. The use of mechanistic models at fine resolution has been recommended for assessing large-scale cropland C budgets (Smith et al., 2012) . Zhang et al. (2014a) demonstrated improved EPIC estimates of county-level yield using finer-scale (1 : 24 000) SSURGO soil data rather than coarser resolution (1 : 250 000) State Soil Geographic soils data as well as considerable differences in net ecosystem production between the two approaches. Similarly, large differences in simulated SOC responses have been shown with soil datasets of differing spatial resolution using the DNDC model in China (Zhang et al., 2014b) . Using a number of different models, Izaurralde et al. (2001) demonstrated that finer-scale simulations produced more robust estimates of SOC sequestration rates, particularly for more heterogeneous regions. Zhang et al. (2015) used finescale EPIC simulations and demonstrated reasonable estimates of yield compared to county-level National Agricultural Statistics Service (NASS) yields, which also showed improved estimates compared to previous EPIC yield simulations at coarser resolution (Thomson et al., 2005) , as well as reasonable simulation of C dynamics compared to county-level cropland C budgets. Additionally, consideration of SOC change in deeper soil layers is meaningful for accurate accounting of the SOC impacts of residue harvesting. While the concentration of SOC is generally much higher in upper soil layers, deeper soil layers have considerable capacity for SOC storage or loss (Lorenz & Lal, 2005) . Analyses have indicated the importance of SOC changes at greater depths, demonstrating that the SOC changes following changes in tillage management can be offset when depths beyond 30-40 cm are considered (Angers & EriksenHamel, 2008; Luo et al., 2010; Powlson et al., 2014) . Similarly, Guo & Gifford (2002) demonstrated significant SOC changes at depths in some cases beyond 100 cm following land use conversions. Hence, inclusion of SOC change at greater depths is expected to provide more representative estimates of the SOC impacts of residue management options.
Here, we utilize an improved modeling approach and analysis to better estimate the life cycle emissions of maize residue-derived biofuels from the US Midwest. We use a spatially explicit process-based terrestrial ecosystems model, the EPIC model (Williams, 1995;  http://epicapex.tamu.edu/epic/), which has been used previously for modeling potential biofuel producing landscapes in the US Midwest (Zhang et al., 2010 (Zhang et al., , 2015 Egbendewe-Mondzozo et al., 2013; Gelfand et al., 2013) and has been demonstrated to skillfully simulate observed yield (R 2 > 0.69) and soil C (R 2 > 0.89) responses of medium-and long-term experiments (Izaurralde et al., 2006) . The EPIC model simulates soil C cycling similarly to the Century model (Parton et al., 1994) , splitting soil C into slow, passive, and biomass pools stratified by layer and splitting litter into structural and metabolic pools (Izaurralde et al., 2006) . Transformations between pools are calculated on a daily basis and are regulated by soil temperature, nitrogen, water content, oxygen, and tillage (Izaurralde et al., 2006) . We conduct in-depth site-level model calibration and evaluation to ensure modeling accuracy and apply this modeling framework to assess the GHG impact of residue harvesting in the US Midwest considering field-scale differences in maize productivity, topography, soil texture, fertilizer rates, tillage, and SOC change. Our specific goals are to (i) provide more accurate and representative quantification of the GHG impacts of maize stover harvesting and the potential capacity for cellulosic biofuel production in the US Midwest; and (ii) assess the impact of removal rate, location, and estimation methodology for determining SOC change on the GHG impacts and availability of maize stover.
Materials and methods

Field experiments, model calibration, and evaluation
We identified experiments from the literature pertinent to biofuel production from continuous maize rotations in the US Midwest in order to create a suitable dataset for calibration and evaluation of the EPIC model. Experiments were considered pertinent if they included at least two rates of residue removal, included a rotation of continuously cropped maize, and included at least an initial and final SOC measurement taken to a depth of at least 15 cm. While several experiments reported bulk density measurements, missing bulk densities were estimated by EPIC with the initial bulk density estimated from the Soil Survey Geographic (SSURGO; websoilsurvey.nrc s.usda.gov) database according to the dominant soil series.
Bulk density values and measured SOC fractions were then used to calculate SOC on a mass density basis. Linear mixed-modeling was conducted using the R statistical environment version 3.2.1 (R Core Team, 2015) and the LME4 package (Bates et al., 2015) to assess the effect of residue removal rate as well as additional implemented treatments on the rate of SOC change. This method was selected because it has been shown to be suitable for analyzing complex data structures (Suuster et al., 2011; Philibert et al., 2012) . Based on the experimental designs within the dataset, experimental site was used as a random effect and rate of residue removal, average depth of sampled soil layer and nitrogen fertilization rate were used as quantitative fixed effects while tillage was used as an ordinal fixed effect and irrigation was used as a categorical fixed effect. Backwards selection was conducted to eliminate nonsignificant (a = 0.05) effects from the model according to Satterthwaite's approximation. Histogram and QQ normal plots were utilized to assess normality of residuals. The rate of SOC change was calculated for each experimental treatment and sampling depth as the annualized difference in SOC between the first and last measurements. Sampling depths were aggregated to 0-15, 15-30, 30-60, 60-90, 90-120 , and 120-150 cm depths to align the measurements with the most commonly sampled depth intervals in the dataset.
To calibrate and evaluate EPIC SOC and productivity simulations, model files were created to approximate the site-and treatment-specific conditions of the corresponding experiments. Soil information was derived from the SSURGO database according to soil series and was supplemented with available experiment-specific soil information. Initial SOC levels were aligned with initial measurements and as such were excluded from model performance calculations. Weather data were obtained from on-site or nearby weather stations when available and from the re-analysis North American Land Data Assimilation System 2 (NLDAS-2; ldas.gsfc.nasa.gov/nldas/) when unavailable. Management information was derived as much as possible from experimental records, publication descriptions or correspondence with experimental investigators, with gaps in management information filled with regionally appropriate practices.
To assess model performance, measurements were first split into calibration and evaluation datasets to allow the model to be evaluated against independent data. Calibration treatments were randomly chosen with the limitation that no more than one-third of the treatments at a particular site be utilized. This approach led to the selection of nine treatments, which accounted for 20% of the SOC measurements and 14% of the yield measurements. Simulated SOC was aligned with measured values according to measurement period and soil horizon. We utilized the HYDROPSO package (Zambrano-Bigiarini & Rojas, 2013) to calibrate influential parameters related to root development (PRMT2), water stress response (PRMT35), and tillage-related decomposition (PRMT52). Parameter suitability was evaluated based on the goodness-of-fit of yield and SOC simulations according to the average Nash-Sutcliffe coefficient of efficiency (NSE) of each measurement type. Evaluation simulations were assessed according to the coefficient of determination (R 2 ), NSE, percent bias (bias), and root mean squared error (RMSE), allowing assessment of overall model skill as well as skill for various measurement depths, residue removal rates, tillage types, or experimental sites.
Regional simulations
We applied a spatially explicit integrative modeling framework for EPIC, developed by Zhang et al. (2010 Zhang et al. ( , 2015 , whereby we combined multiple data layers to define modeling units. Maps of the Cropland Data Layer (CDL; Johnson & Mueller, 2010) , soils (SSURGO database), and county boundaries were discretized to raster format with a grid resolution of 56 m, which is consistent with the resolution of the CDL. These maps were further combined to define over 2 million homogeneous spatial modeling units (HSMUs) with a total area of approximately 68 9 10 6 ha ( Fig. 1) . Each HSMU includes a group of grids with a unique combination of land use type and soil within the boundary of a county. Here, only those HSMUs under cultivation were included in our simulations. For each modeling unit, we further derived elevation and climate information from the Shuttle Radar Topography Mission digital elevation model (Farr et al., 2007) and NLDAS2, respectively. Additional information about the spatial data used is provided in Note S1. Planting and harvesting dates and heat units required to reach maturity are important for reliable simulation of crop growth and development. We compiled these data for each state using the Soil and Water Assessment Tool potential heat unit program (available at http://swat.tamu.edu/software/potentialheat-unit-program/) and typical planting and harvesting dates of major crops in the US Midwest provided by USDA-NASS (1997). Annual nitrogen and phosphorus fertilizer application rates were estimated based on the state-level statistics from USDA-ERS (2013). Initial SOC was allocated between active, passive, and biomass pools based on the duration under cultivation according to Izaurralde et al. (2012) . We employed the Python-based parallel computing software of Zhang et al. (2013) to execute EPIC in parallel for the over 2 million modeling units using the Pacific Northwest National Laboratory's Institutional Computing cluster (http://pic.pnnl.gov/) and compiled spatially explicit modeling results into relational databases linked to the HSMU map for geospatial analysis and presentation.
We applied this modeling framework to assess the residue production and the SOC response to residue harvesting across the US Midwest. We simulated no-till continuous maize rotations across the region with 0, 33, and 66% of available residue removed annually. The continuous maize system modeled across the whole US Midwest in this study, which contrasts with the maize-soybean (Glycine max (L.) Merr.) system that is currently more common in the US Midwest and exceeds the realistic implementation of these systems, was selected to quantify the maximum potential residue production and GHG impacts from maize-based systems. Residue removal from maize-soybean systems would be expected to have lower GHG emission intensity than from continuous maize systems (Gelfand et al., 2013), although residue availability would be lower due to biennial rather than annual stover harvesting. Erosion was not considered in the SOC change assessments because limitations in available data impaired representative simulation of fine-scale erosion losses (De Vente et al., 2013; Panagos et al., 2015) . This is a reasonable simplification because large-scale impacts of erosion on C budgets tend to be neutral in the absence of river routing (Quinton et al., 2010; Nadeu et al., 2015) , which was not considered in this modeling framework but could be included in landscape or watershed analyses. Moreover, no-till maize producing systems in the US Midwest tend to have limited soil erosion losses even at high residue removal rates (Wilhelm et al., 2007; Gregg & Izaurralde, 2010) .
All residue removal scenarios were initiated with equivalent settings that were derived from a spin-up run from 1991 to 2000 as described in Zhang et al. (2015) , and scenarios were subsequently run for 50 years with historical climate data from 1991 to 2010 to generate model outputs. Simulation periods of 10, 30, and 50 years were selected to assess the effect of residue harvesting over varying periods of time. Changes in SOC were calculated within the upper 30 cm, upper 100 cm, and total soil profile to evaluate the contributions of different soil depths to SOC change. Finally, SOC changes were calculated considering soil humus C pools (Izaurralde et al., 2006) as well as litter C to identify the importance of litter C for life cycle GHG calculations.
Postprocessing of EPIC results began with removal of HSMUs with no maize yield such that it would be excluded from further analysis. This was done to ensure residue removal treatments were properly applied to the analysis area, which was not possible on nonproductive HSMUs where there was no stover available for removal for any treatments. The SOC change was calculated for each remaining HSMU by depth of soil considered, inclusion of litter C as a component of SOC and length of simulation. Additional GHG emissions components were calculated according to Liska et al. (2014) , with system boundaries including relevant processes from corn stover collection to biorefinery processing. Emissions due to replacement fertilizer, feedstock collection, transport, and conversion to ethanol were assumed to be fixed at 30 g CO 2 -eq MJ À1 based on Spatari & MacLean (2010) . Nitrous oxide emissions were assumed to be reduced by 4.6 g CO 2 -eq MJ À1 under residue removal according to Liska et al. (2014) . The EPIC model does contain process-based algorithms to simulate microbial denitrification and N 2 O fluxes . However, further efforts are needed to ensure proper model parameterization and suitability for regional applications. Thus, in this paper we use the simplified approach for estimating N 2 O emissions. Overall GHG intensities for the US Midwest were then calculated based on the area-weighted averages of SOC change under stover removal, SOC change without residue removal, maize stover harvested, and nitrous oxide benefit. Absolute SOC change and SOC change relative to zero stover removal were determined at the HSMU level and mapped. To determine the quantity of stover that could be collected while meeting a target GHG reduction threshold, we first ranked HSMUs in order from lowest to highest GHG emissions. We then calculated the amount of stover that could be collected while maintaining an aggregate GHG intensity with at least the target reduction. This process was conducted for GHG reduction targets of 50-60% representing biofuels that meet advanced to advanced cellulosic reduction standards.
Results
Field experiments, model calibration, and evaluation
The literature review identified ten suitable experiments in nine unique locations (Fig. 2) to provide 53 unique site treatments and 1737 SOC measurements from continuous maize rotations in the US Midwest that measured SOC responses to different rates of residue removal (Table S1 ). A linear mixed-effect model for rate of SOC change indicated significant effects of residue removal rate and soil depth and no significant effects for tillage type, nitrogen fertilization rate, or irrigation (Table S2 ). However, the dataset was primarily compiled for model calibration and evaluation. As such, experimental factors other than residue removal rate were sparsely replicated across sites, resulting in a dataset with limited power for identifying significance of factors. We used nine treatments comprising 20% of the SOC measurements to calibrate EPIC, leaving the remaining data for model evaluation. The calibration process defined an optimal parameter set with PRMT2 set to 1.16 (Fig. S1a) , PRMT35 set to 0.59 (Fig. S1b) , and PRMT52 set to 5.44 (Fig. S1c) , with near optimum ranges of roughly 1.15-1.20, 0.45-0.75, and 5.0-9.0, respectively. Evaluation of simulated SOC (R 2 = 0.83; NSE = 0.80, RMSE = 5.38 Mg C ha À1 , Bias = À1.90%, Fig. 3a ) and yield (R 2 = 0.69; NSE = 0.65, RMSE = 2.17 Mg DM ha À1 , Bias = 7.50%, Fig. 3b ) showed satisfactory agreement with measurements. This indicates good model capacity for capturing the SOC and yield dynamics of these continuous maize systems (Fig. 3) . Model performance was largely consistent across soil layer depth (Fig. S2a) , rate of residue removal (Fig. S2b) , tillage intensity (Fig. S2c) , and experimental site (Fig. S2d) , although the number of measurements available at greater depths was limited. Model evaluation in terms of SOC change was poorer than in terms of absolute SOC (R 2 = 0.20; NSE = 0.20, RMSE = 4.20 Mg C ha À1 , Bias = À17.70%) but was comparable to similar model evaluations (Bhattacharyya et al., 2013; Campbell et al., 2014; Zhang et al., 2015) .
Regional simulations
The regional 50-year analysis of continuous maize that includes nonlitter SOC changes in the whole soil profile is the methodology that most representatively estimates the long-term impact of stover-based biofuel production on SOC stocks (see discussion). Under these conditions, average overall emission intensities were 46.4 and 47.0 g CO 2 -eq MJ À1 at residue removal rates of 33 ( Fig. 4a) and 66% (Fig. 4b) , respectively. As such, feedstocks derived from continuous maize systems across 68 9 10 6 ha of the US Midwest could provide 153-310
Tg DM feedstock for 44.1-89.3 bly of ethanol production at 33-66% rates of residue removal. This range of residue harvesting would result in the average loss of Fig. 4 Impact of 33% (a, c, e) and 66% (b, d, f) residue removal on average GHG intensity (a, b), SOC change relative to no residue removal (c, d) and absolute SOC change (e, f). Plots c, d, e, and f are based on 50-year whole soil profile soil humus C changes.
0.078-0.163 Mg C ha À1 yr
À1
. The average aggregate GHG intensity of these feedstocks thus misses the 60% EISA reduction standards for cellulosic biofuels (37.5 g CO 2 -eq MJ
) by 24 to 25%, but is close to the 50% reduction standard for advanced biofuels (46.8 g CO 2 -eq MJ À1 ), meeting the standard at 33% but not 66% residue removal. Due to site-specific variability in residue production and SOC response, some locations were capable of supplying feedstock meeting one or both of the EISA reduction standards while others were not. While only 5.3 bly of ethanol (18.5 Tg DM residue) meeting cellulosic biofuel standards was found to be available, 89.0 bly of ethanol (308.9 Tg DM residue) was found to meet advanced biofuel standards (Fig. 5a) . Thus, stover produced under these conditions could meet only 8.7% of the 2022 EISA target for cellulosic biofuels but 112% of the target for advanced biofuels, which is more than four times the target for noncellulosic advanced biofuels. This indicates a sizeable capacity to produce advanced biofuels on 67.6 9 10 6 ha of land but at the cost of losing SOC at an average rate of 0.163 Mg C ha À1 yr À1 (Fig. 4c, d ). For context, an average SOC loss of 0.235 Mg C ha À1 yr À1 would occur with residue returned to the soil compared to 0.398 Mg C ha À1 yr
of SOC loss with residue harvested (Fig. 4e, f) . The rapid increase in residue availability with small relaxations in GHG reduction level indicates management practices resulting in modest reductions in GHG emissions would considerably expand cellulosic biofuel feedstock availability. Major feedstock production areas suitable for advanced biofuels are located throughout most of Iowa and Illinois, in eastern Nebraska, South Dakota, North Dakota, and in southern and western Minnesota (Fig. 5b-e) .
Detailed analysis of the regional simulations underscores the importance of soil profile depth, simulation duration, and consideration of litter C for estimating SOC responses to residue harvest. These methodological differences from earlier analyses produced average aggregate emissions ranging from 39.3 to 88.7 g CO 2 -eq MJ À1 . Emissions were higher for shorter simulation periods, consideration of deeper portions of the soil profile, and inclusion of litter in estimates of SOC change. The impact of litter C on the SOC change attenuated over time because the immediate loss of litter C due to residue removal is ephemeral and represents a diminishing fraction of the overall C change as the change in humus C increasingly dominates the SOC response. Increasing the soil depth from 30 cm to 100 cm resulted in considerable increases in CO 2 emissions, while extending consideration beyond 100 cm resulted in only a slight increase in emissions, indicating analyses considering the upper 100 cm of the soil profile are sufficient for assessing residue removal impacts on SOC in comparable systems.
Emission intensities were very similar at 33 and 66% residue removal rates, with only 0.8-2.8% greater intensities at the higher rate of removal owing to only slightly greater SOC loss relative to residue harvested.
Discussion
In this work, extensive site-level experimental data from relevant US Midwest production systems were used to calibrate and evaluate the EPIC model. Overall model fit to data compared favorably with other modeling studies of yield (Izaurralde et al., 2006; Wang et al., 2012; Cheng et al., 2014; Li et al., 2015) and SOC (Cerri et al., 2004; Izaurralde et al., 2006; Miehle et al., 2006; Lu et al., 2008; Cheng et al., 2014; Li et al., 2015) . As such, the model was parameterized and demonstrated to be suitable for assessing the productivity and SOC impacts of residue removal from these systems. This effort demonstrates the connection between pertinent experimental observations and model simulations, strengthening the soundness of the regional simulations. Through regional application of the model at fine resolution using publically available datasets, we are translating these experimental findings to policy-relevant scales using systems-level understanding in order to improve the accuracy of these estimates. Our findings differ considerably from those of Liska et al. (2014) due to combined differences in modeling and analysis methodologies. To assess deviations derived from differences in modeling approach, we compared the GHG intensity estimates with 10-year simulation periods that include litter and humus SOC changes in the upper 30 cm of soil. This simulation scenario, duration, soil depth, and consideration of litter align closely with those implemented in Liska et al. (2014) . Despite these similarities, estimates of average aggregate GHG emissions intensity were 67.6-68.8 g CO 2 -eq MJ À1 , which is 7.3-8.6% lower than the 74.0-74.2 g CO 2 -eq MJ À1 estimated by Liska et al. (2014) .
Considering the impact of the depth of soil considered, we have shown that limiting the scope to the upper 30 cm severely reduces estimates of the SOC losses from these systems. This simulated response appears reasonable as experiments have demonstrated the importance of residue management to SOC stocks in deeper soil layers (Galdos et al., 2009; Schmer et al., 2014) , although such experiments are sparse. Expanding the scope to the whole soil profile raises the GHG intensity to 87.5-88.7 g CO 2 -eq MJ À1 . We excluded litter C in the SOC change because litter C change does not reflect the true soil humus C response to residue removal as a large difference in litter C is created from residue harvesting while a large portion of the unharvested litter will rapidly oxidize (Van Veen & Paul, 1981; Huggins et al., 2007) . This is particularly impactful for shorter periods of study where the difference in litter C accounts for a greater proportion of the total C change, whereas over longer durations residue removal causes only small changes in litter C stocks (Gregg & Izaurralde, 2010) .
Removing litter from the calculations reduces the emissions to 65.2-67.0 g CO 2 -eq MJ
À1
, which is slightly less than the initial 10 year estimates for only the upper 30 cm of soil. Considering that feedstock production would likely persist for at least the 20-30+ year lifetime of a biorefinery (Stephen et al., 2010) , it is reasonable to assess the impact of longer durations of residue removal on the GHG intensity of biofuel production. Considering soil humus C change in the whole soil profile, emission intensities for 30-year simulations were 53.5-54.4 g CO 2 -eq MJ À1 for 33-66% rates of removal, dropping intensities 17.9-18.8% from the comparable 10-year simulations.
Further extending the simulation period to 50 years, which is the analysis combination presented here as the best estimate of long-term GHG impacts, the GHG emission intensity drops further to 46.4-47.0 g CO 2 -eq MJ À1 , constituting a 13.3-13.6% reduction relative to the 30-year simulations and a 36.7-37.3% reduction compared to the 10-year estimates of Liska et al. (2014) .
Overall, our analysis suggests that under common management practices only a modest amount of maize residue is available for cellulosic biofuel production in the US Midwest. However, with modest improvements in feedstock processing efficiency or crop management practices, an appreciable amount of feedstock could become available. To this end, increased use of cover crops represents a promising management practice as cover crops have been shown to increase SOC (Tonitto et al., 2006) with measured increases of 0.10-1.0 Mg C ha À1 yr À1 under NT management relative to equivalent systems without cover crops under various climates and cropping systems (Blanco-Canqui, 2013) . Mitigation practices of even modest effectiveness would greatly shift life cycle emissions of cellulosic feedstock production. For instance, an SOC increase of only 0.10 Mg C ha À1 yr À1 would shift the average aggregate emissions intensity to 33.8 Mg C ha À1 yr À1 under 66% residue removal. This represents a 64% GHG reduction relative to petroleum, allowing overall production in the US Midwest to meet the 60% GHG emission reduction standard for cellulosic biofuels. Residue harvesting from continuous maize systems under typical NT management will not produce appreciable amounts of feedstocks that meet the 60% cellulosic biofuel standard. Practical adjustments in production practices could considerably improve the GHG intensity of maize-derived biofuels from the US Midwest, dramatically increasing its potential for supplying cellulosic feedstock to meet near-term cellulosic biofuel production targets.
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